This paper presents an efficient 3D correspondence grouping algorithm for finding inliers from an initial set of feature matches. The novelty of our approach lies in the use of a combination of pair-wise and triple-wise geometric constraints to filter the outliers from the initial correspondence. The triple-wise geometric constraint is built by considering three pairs of corresponding points simultaneously. A global reference point generated according to the model shape can be mapped to the scene shape thereby form a derived point by the triple-wise geometric constraint. Then, all the initial correspondence can be filtered once via the global reference point and the derived point by using some simple and low-level geometric constraints. Afterwards, the remaining correspondences will be further filtered by means of the pair-wise geometric consistency algorithm. Finally, more accurate matching results can be obtained. The experimental results show the superior performance of our approach with respect to the noise, point density variation and partial overlap. Our algorithm strikes a good balance between accuracy and speed.
INTRODUCTION
Establishing the correct matching relationship between two 3D shapes is critical for many high-level applications such as 3D modeling [1] , point cloud registration [2, 3] and 3D object recognition [4] [5] [6] . Generally, a local feature based matching procedure should be performed firstly to form a set of putative matches. Due to some disturbances like noise, point density variation and partial overlap, wrong matches are inevitable even though the local feature descriptor is quite robust and distinctive. Thus, split the correct matches (inliers) from an initial correspondences set which is also known as correspondence grouping is required and significant. The target of a correspondence grouping algorithm is aiming at retrieving as many inliers as possible from initial feature matches. Towards this goal, a few of methods have been found to address this problem. One straightforward solution is to search inliers according to the feature matching distance directly. However, this method is sensitive to repetitive structures. Lowe et al. [7] proposed a method based on the ratio of the nearest and the second-nearest feature distances. It has been proven that the ratio method is more reliable than the former. However, the correctness of the searched inliers cannot be guaranteed since the grouped inliers are obtained by a hard thresholding technique. Another widely-used method searches inliers by using geometric consistency (GC) [8] among the correspondences. The GC method is independent from the feature space and utilizes the constraints relating to the comparability of spatial locations of corresponding points. It aims to find a maximum geometric consistency group from the initial feature matches. However, this method is easy to bring in the wrong matches. Anders et al. [9] proposed a strength version to search inliers from the original 3D correspondences by local and global voting. They use both local and global geometric constraints to penalize each correspondence and split the inliers and outliers by means of an adaptive thresholding technique finally. The global voting stage of this method makes use of the local reference frames (LRFs) of the feature points which is unstable due to the ambiguity of the x-axis of LRF. Leordeanu et al. [10] employed a spectral technique (ST) to group correspondences. The basic idea of ST-based method is to find the main cluster exists in the initial correspondence set according to the level of association of each correspondence. This method is time consuming for it needs to build a large correlation matrix for the initial correspondence set and perform Singular Value Decomposition on many big matrices.
Considering for these limitations, we design a novel and efficient correspondence grouping algorithm for find inliers from a set of initial feature matches. Our algorithm mainly contains two stages, as shown in Figure 1 . The first stage is to filter the in corresponden fuses the geo group is obta means of a p The main con A triple We desi several
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PTGC-BASED CORRESPONDENCE GROUPING ALGORITHM
In this section, we describe our PTGC-based correspondence grouping algorithm. The whole procedure contains three stages: Initialization, TGC Filtering and PGC Filtering. The first stage is to find a robust subset from the initial correspondences for generating triplet correspondences. The second stage is to extract a rough inliers' group and the last stage is to refine the result obtained in second stage.
Initialization
We use f C refer to the initial correspondence set and N refer to the elements' number of f C in this paper. So, there are 3 N C triplet correspondences in total. For a large N , it is very time consuming to judge all the ternary combinations. Therefore, we start by ranking all the correspondences according to the feature distance ratio proposed by Lowe [7] . Given a feature vector f , if assume the closest feature and second-closest feature which match to f are 1 f , 2 f respectively, the feature matching ratio is defined as:
The range of this ratio is [0, 1] and the lower the better. The initial correspondence set f C is ranked according to the ratio value in ascending order. The sorted correspondence set is denoted as f C′ . Considering the time efficiency, only the top K elements of f C′ are considered to form ternary combinations. Finally, we get a small subset of f C′ denoted as three C .
TGC filtering
For each ternary combination of three C , a validation procedure will be performed by using some simple geometric constraints firstly. A ternary combination 1 2 3 ( , , ) c c c will be considered if it satisfies the following constraints:
In Eq. (7), det( ) ⋅ is to compute the determinant of a square matrix. These geometric constraints are used to make sure the matrix 1 2
3
[ ] n n n ′ ′ ′ is invertible and keep the relative distances for two pair of matches same. In this paper, the reference point C is simply selected as the centroid of the model shape ℳ and the parameter ς is set to 1e-6 by empirically. Afterwards, compute the derived point i C′ by Eq. (4) and judge whether it satisfies the TGC according to the Eq. (5). If rejected, then check another ternary combination. Otherwise, a voting procedure will be performed to score the derived point i C′ . The newly generated virtual correspondence ( , ) i C C′ is denoted as vi c . Specifically, the score of i C′ is calculated as:
where
, the function ( ) card ⋅ means the cardinality of a set and angle t is a threshold to constrain the normal's angles between two correspondences. As all the valid ternary combinations are traversed, the derived point m C′ with the maximum score will be considered as the best match to C and the rough inliers' group can also be obtained, that is,
. 
To clearly understand the procedure of TGC filtering, a simple example is shown in Figure 4 . Here, the initial correspondence set contains five correspondences, a derived point C′ will be voted by all of them. According to the Eq. (8), there are three correspondences which satisfy the geometric constrains. Thus, the score of the derived point C′ is 3.
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Experiment Setup
We compare our method with three widely-used correspondence grouping algorithms with respect to different levels of Gaussian noise, point density variation and partial overlap on the Bologna 3D Retrieval (B3R) dataset [12] and University of West Australia 3D Modeling (U3M) dataset [13] , respectively. We copy the original B3R dataset 18 times. Half of the copies are injected Gaussian noise with an increasing standard deviation from 0.05pr-0.45pr. Another half of copies are down sampled to 0.1-0.9 of the original respectively to form point density variation. The three algorithms are Lowe's ratio method (Ratio) [7] , pair-wise geometric consistency (PGC) [8] and search of inliers (SI) [9] . The details of these three methods can be accessed in the corresponding literatures. Moreover, we also provide the results of TGCbased method. The initial set of correspondences is generated by this way. First, uniformly select 1000 keypoints from each model and each scene. Then, compute the spin image [4] features for each keypoint with support radius 15pr. Finally, perform feature matching according to the L 2 distance metric. All the algorithms are implemented with MATLAB language on a laptop with 8G RAM. The parameters of all the algorithms are given in Table 2 . 
Results
The experimental results are reported in this section. The evaluation terms include robustness to Gaussian noise, point density variation and partial overlap. All the results are shown in Figure 7 . In addition, the time cost of each algorithm is also provided in the right part of Figure 5 . Figure 7(a) shows the outcomes of all the evaluated methods to noise, it is not hard to find that the PTGC-based algorithm achieves the best performance among all the proposals. From this aspect, our proposed method shows its robustness to a limited Gaussian noise. Another observation one can make is that using PGC algorithm to filter the TGC result can improve the precision finally. It means that the PTGC algorithm combine the advantages of both properly.
Robustness to Gaussian noise:

Robustness to point density variation:
The performance of each method to point density variation is plotted on Figure  7 (b). One can see that the F-1 score curves are very similar with the ones shown in Figure 7 (a). Our proposed method achieves the second best performance in terms of point density variation. It performs well even the down sampling ratio is 0.1, which indicates that the proposed PTGC method is stable and robustness to point density variation as well.
Robustness to partial overlap: Partial overlap is very common in real scenes. Due to the different viewpoints, occlusion and clutter, two shapes captured from a same model cannot be same again (except for the very symmetric models). Thus, matching two shapes can only find cues from the partial overlap regions. The overlap ratio is defined as the number of the corresponding vertices to the minimum number of two shapes [13] . The U3M dataset provides several 2.5D view scans from 4 models with various degrees of overlap. All the evaluated algorithms were tested on this dataset in terms of different partial overlap ratio. The final results are shown in Figure 7 (c). Clearly, the PTGC-based algorithm outperforms the other methods with an overall performance. Time efficiency: Computational efficiency is important for some real applications like 3D object recognition and location. Considering for this, we also conduct an experiment to test the computational efficiency for all the evaluated algorithms. All the correspondence grouping algorithms were performed on varying sizes of initial correspondence and theirs time cost were collected at the same time, which are shown in Figure 5 . It can be observed that the SI is the most time consuming method. Because the global voting stage of SI needs to check a number of correspondences whether satisfy the location constraint or not for each correspondence. In contrast, the Ratio and PGC are the two most efficient methods. For the Ratio method is just considering the feature distance ratio which can be quickly accessed by using a KD-Tree search, while the PGC method is independent of feature space which only concentrates to find the maximum geometric consistency group via some simple geometric constraints. Our proposed method is almost as efficient as the PGC method in terms of the time cost. However, our method is superior to the latter in terms of precision and recall. In some high level applications, our method will be a good choice.
In order to percept the differences among these methods better, some visual results are given in Figure 8 . The initial correspondence generated by means of the L 2 distance based feature matching is acted as the baseline, which can be seen in Figure 8(a) . All the other evaluated corresponding grouping algorithms search inliers based on the initial correspondence. Obviously, our proposed PTGC-based algorithm outperforms the other three methods in terms of 
